LncRNAs represent a large class of noncoding RNA molecules that have important functions and play key roles in a variety of human diseases. There is an urgent need to develop bioinformatics tools as to gain insight into lncRNAs. This study developed a sequence-based bioinformatics method, LncDisease, to predict the lncRNA-disease associations based on the crosstalk between lncRNAs and miRNAs. Using LncDisease, we predicted the lncRNAs associated with breast cancer and hypertension. The breast-cancer-associated lncRNAs were studied in two breast tumor cell lines, MCF-7 and MDA-MB-231. The qRT-PCR results showed that 11 (91.7%) of the 12 predicted lncRNAs could be validated in both breast cancer cell lines. The hypertensionassociated lncRNAs were further evaluated in human vascular smooth muscle cells (VSMCs) stimulated with angiotensin II (Ang II). The qRT-PCR results showed that 3 (75.0%) of the 4 predicted lncRNAs could be validated in Ang II-treated human VSMCs. In addition, we predicted 6 diseases associated with the lncRNA GAS5 and validated 4 (66.7%) of them by literature mining. These results greatly support the specificity and efficacy of LncDisease in the study of lncRNAs in human diseases. The LncDisease software is freely available on the Software Page: http://www.cuilab.cn/.
INTRODUCTION
Recently, analyses of human transcriptome revealed that protein-coding transcripts only account for a small portion of the whole-genome (1) . Surprisingly, many of the transcripts in human transcriptome are long noncoding RNAs (lncRNAs) with lengths of more than 200 nucleotides (2) . For a long time, the functionality of lncRNAs was frequently disputed (3) because of their low cross-species conservation, low expression levels and high tissue specificity. However, due to the fast development of lncRNAs, accumulating studies have reported that lncRNAs have important and diverse functions (4); thus, the dysfunction of lncRNAs is associated with some diseases, such as cardiovascular disease (5) and cancer (6) . We previously built the long non-coding RNA disease database (LncRNADisease, http://www.cuilab.cn/lncrnadisease) (7) , which shows that more than 200 diseases are associated with lncRNAs and more than 250 lncRNAs have roles in at least one disease. Thus, one emerging opinion is that lncRNAs could be novel molecules for disease diagnosis and therapy (8) . Currently, a large number of lncRNAs have been identified. For example, the NONCODE database (9) and the MiTranscriptome database (10) have collected more than 90 000, and 60 000 human lncRNAs, respectively. Given the importance and the large number of lncRNAs, there is an increasing need to identify which lncRNAs are associated with which diseases on a genome-wide scale. However, at present, the relationship between most of the lncRNAs and most of the human diseases remains unknown. Therefore, it becomes important to develop bioinformatics methods to predict lncRNAdisease associations.
Hence, we built the lncRNA disease database (LncRNADisease) and presented a method to predict lncRNA-e90 Nucleic Acids Research, 2016, Vol. 44, No. 9 PAGE 2 OF 8 disease associations based on the genomic locus of lncRNAs (7, 11) . Recently, several studies presented bioinformatics methods based on co-expression of lncRNA and protein-coding genes for predicting the lncRNAs involved in lung cancer (12) , human disease (13) and esophageal squamous cell carcinoma (14) . In addition, a Laplacian Regularized Least Squares based method which integrated lncRNA-disease association data from the LncRNADisease database and lncRNA expression profile was developed (15) . More recently, several network-based methods have been developed (16) (17) (18) (19) (20) . The above presented methods collectively provide valuable help in dissecting the associations between lncRNAs and human diseases. However, limitations exist in the above methods. For example, regarding the genomic locus based methods, it is difficult to set a suitable genomic distance threshold. Also, lncRNAs and their neighbor genes may not always be functionally related. Moreover, only a small fraction of lncRNAs have neighbor protein-coding genes. In the case of the co-expression based methods, there are three major limitations. Firstly, only a small number of lncRNAs have matched tissue expression data with protein-coding genes. Secondly, some lncRNAs do not have co-expressed genes. Thirdly, co-expression does not always mean co-function. For the network-based methods, the major limitation is that they only focus on a limited number of lncRNAs (∼260) with known disease associations and cannot be applied to most of the human lncRNAs. Therefore, novel methods that are efficient and applicable in a large-scale are needed.
It is known that lncRNAs could exert their functions by interacting with miRNAs (21, 22) . The human miRNAdisease associations have been collected and annotated in a large scale in our Human microRNA disease database (HMDD) database since 2007 (23, 24) . Therefore, it seems possible to predict lncRNA-disease associations by enrichment analysis of the miRNAs interacting with the given lncRNAs in specific disease-associated miRNA sets. We previously presented a miRNA enrichment analysis tool (25) , TAM and confirmed its usefulness in mining miRNArelated knowledge (26) . In a recent study, Chen revealed that integrating the HMDD data (human miRNA-disease associations) and the starBase data (miRNA-lncRNA interactions) can indeed infer lncRNA-disease associations (27) . However, two major limitations exist in the study. Firstly, the lncRNA-miRNA interaction data the author used is from the starBase database (21) , which included only the experimentally supported data set. This makes Chen's method only feasible in a very small fraction of lncRNAs and human diseases. The reason is that the lncRNA-miRNA interactions in starBase only contain 1114 lncRNAs, which only cover ∼1.2% (∼1114/90000) of the total human lncRNAs. Therefore, Chen's method cannot be applied to ∼98.8% of the total human lncRNAs. Moreover, the lncRNA-miRNA interactions in starBase only contain 132 miRNAs, which only cover ∼23.1% (132/572) of the total miRNAs in the HMDD database. This will also largely restrict the application of Chen's method. Secondly, Chen's study did not provide web-based or standalone software for users, which also greatly limit the application of the method. Based on the above observations, our study developed a standalone tool, LncDisease, to predict lncRNA-disease associations based on disease enrichment analysis of the miRNAs interacting with the given lncRNA. For a given lncRNA sequence, LncDisease first predicted the potential miRNAs interacting with the given lncRNA. Next, LncDisease performed enrichment analysis for the predicted miRNAs on the disease-associated miRNA sets, which are derived from our HMDD database (23, 24) . Afterward, LncDisease predicted the significant diseases as the potential diseases associated with the given lncRNA. Finally, to validate the accuracy of LncDisease, we selected the 12 most significant lncRNAs predicted to be associated with breast cancer for further biological experiments in two breast cancer cell lines, MCF7 and MDA-MB-231, respectively. Moreover, four lncRNAs predicted to be associated with hypertension were also validated in human vascular smooth muscle cells (VSMCs) stimulated with angiotensin II (Ang II). The results showed that 11 (91.7%) of the 12 predictedbreast-cancer-associated lncRNAs were significantly deregulated in both breast cancer cell lines. Also, 3 (75.0%) of the 4 predicted hypertension-associated lncRNAs were significantly deregulated in Ang II-treated human VSMCs. In addition, we predicted the diseases associated with the lncRNA GAS5 and literature mining showed that 66.7% of the predicted diseases have literature evidence. These results suggest that LncDisease could be a useful tool in predicting the lncRNA-disease associations.
MATERIALS AND METHODS

The data used in this study
We downloaded the sequence data of human lncRNAs from the lncipedia database (28) (http://www.lncipedia.org/) and the miRNA sequence data from the miRBase database. Also, we downloaded the human miRNA-disease association data set from the HMDD database (23, 24) .
Predicting lncRNA-miRNA interactions
Currently, there is no computational tool or pipeline developed for the prediction of lncRNA-miRNA interactions. According to current knowledge, miRNAs regulate lncRNAs through the same mechanism of regulating mRNAs, which is mainly based on the base pairing of target RNA sequences and the seed regions of miRNAs (29) . Given that TargetScan and miRanda represent two of the most popular and efficient computational tools for miRNA target prediction (30), in our study, LncDisease used TargetScan (31) and miRanda (32) to predict the lncRNA-miRNA interactions. In addition, the users can use the union or intersection of the predictions by the two tools. For TargetScan, the criteria for target prediction and ranking include stringent seed pairing, site number, site type and site context; whereas for miRanda, the criteria include moderately stringent seed pairing and site number (30) . From this, we can conclude that TargetScan has more stringent criteria than miRanda. Therefore, under normal circumstances, miRanda will predict more miRNA targets and more binding sites than TargetScan.
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Predicting lncRNA-associated disease Given that the accuracy of the current miRNA target predictions tools (including TargetScan) is not high (30), we cannot predict that the diseases associated with the lncRNA-binding miRNAs are the potential associated diseases of the given lncRNA. Because the predicted targets could be true targets with higher probability than random predictions (30) , statistical enrichment analysis becomes a useful solution to predict associated diseases of a given lncRNA. This study used the TAM method (25) , which was previously developed to discover novel knowledge for a group of inputted miRNAs by performing hypergeometric test based enrichment analysis of the inputted miRNAs in a number of miRNA sets. miRNA sets were defined as a group of miRNAs with similar or the same biological meaning (24) . For example, the miRNAs associated with breast cancer are grouped into the breast cancer miRNA set. Assuming that the number of miRNAs included in all miRNA sets is P; the number of miRNAs in miRNA set A is S; the number of input miRNAs included in the P total miRNAs is HP; and the number of input miRNAs included in the S miRNAs of miRNA set A is HS, we then calculated the probability of HS miRNAs of interest in the miRNA set A using Equation (1):
where the symbol 'C' is the combination operation. Thus, we calculated the statistical significance of the enrichment of the input miRNAs in miRNA set A using Equation (2):
Finally, the P-values for all miRNA sets were adjusted by Bonferroni correction. The flowchart of LncDisease is shown in Figure 1 . In total, LncDisease collected 372 disease-associated miRNA sets based on the miRNAdisease association data set in the HMDD database. One disease-associated miRNA set is defined as a group of miRNAs that is associated with one disease. For example, the total miRNAs that are associated with breast cancer are assigned to the breast cancer miRNA set. LncDisease works according to the following flow. For a given lncRNA sequence, LncDisease first predicts the miRNAs interacting with the given lncRNA. Next, LncDisease performs enrichment analysis of the predicted miRNAs in the 372 diseaseassociated miRNA sets based on the TAM method. Moreover, LncDisease outputs the enrichment significance of the predicted miRNAs in each disease-associated miRNA set. Finally, we may take the significant results as the potential diseases associated with the inputted lncRNA.
Breast cancer cell culture and reagents
The human breast cancer cell lines MCF7 and MDA-MB-231 were purchased from ATCC (Manassas, VA, USA) and both were cultured using Dulbecco's modified eagle medium (DMEM) (Invitrogen, Carlsbad, CA, USA) with 10% fetal bovine serum (FBS) (Atlanta Biologicals, Flowery Branch, GA, USA). The human mammary epithelial cell line HMEC was purchased from Lonza (Allendale, NJ, USA), and cultured in Mammary Epithelial Cell Growth Medium MEGM (Lonza) containing BulletKit (Lonza) with serum-free.
RNA isolation
Total RNA was extracted by Trizol reagent (Invitrogen). Cells were harvested and dissolved in 1 ml of Trizol reagent and then 200 l of 1-bromo-3-chloropropane solution was added (Molecular Research Center, Inc. Cincinnati, OH, USA) and mixed thoroughly by inverting the tube until well-blended. After the centrifugation, 14 000 rpm for 15 min at 4
• C, the upper aqueous phase was removed to a new 1.5 ml tube, an equal volume of isopropanol (Sigma-Aldrich, St Louis, MO, USA) for precipitation subsequently. Extracted RNA was dissolved in nuclease-free water after washing the pellets using 75% ethanol twice, and then the RNA concentration was determined by Nanodrop (Thermo, Worcester, MA, USA).
Quantitative real-time PCR
The total RNA was used to synthesize cDNA by a high capacity cDNA reverse transcriptase kit (Applied Biosystems, Foster City, CA, USA). The relative mRNAs expression of lncRNAs was determined by quantitative real-time PCR (qRT-PCR), and the reaction mixtures was consisted of 10 l 2x SYBR master mix (Roche, Indianapolis, IN, USA), 2 l synthesized forward primer and reverse primer mixture, 1 l cDNA and 7 l nuclease-free water. The RT-PCR was performed on a Stratagene Mx3000p with the following cycling conditions: 95
• C for 5 min followed by 40 cycles of 95
• C for 30 s, 59
• C for 30 s, 72
• C for 30 s. After finishing 40 cycles, a final extension at 72
• C for 7 min was performed. Quantitative values were obtained as threshold Ct = Ct treated cell -Ct control cell . Each sample was measured in duplicate or triplicate for each experiment. Moreover, melting and amplification curves for each PCR product were analyzed to ensure the specificity of the amplification product (33, 34) .
Parameters were: 95 • C for 10 min, and then 40 cycles of 95
• C for 10 s and 58
• C for 35 s. GAPDH was taken as the endogenous control. The comparative cycle threshold (CT) method was used to compute the relative quantification of lncRNAs in human breast cancer cells by comparing them with the normal cells. The primer sequences used for qRT-PCR in the study are listed in Tables 1 and 2 .
VSMC stimulated with Ang II
One popular way of mimicking hypertension in cells is by treating VSMCs with Ang II, a key mediator of hypertension (35); hence, we treated human VSMC cell line T/G HA-VSMC with 0.5 M Ang II for 24 h. Then, the expression levels of the four predicted hypertension-associated lncRNAs, lnc-C16orF95-1:5, lnc-RASA1-3:9, lnc-SLC17A9-1:1 and lnc-SPATA9-1:2, were determined using qRT-PCR analysis. The primer sequences are listed in Table 2 .
Statistical analysis
The qRT-PCR result data were presented as mean ± S.E.M. The statistical significance of differences between groups was analyzed by t-test.
RESULTS AND DISCUSSION
The LncDisease standalone software
As shown in Figure 2 for inputting the lncRNA sequences is to load the file containing the sequences in FASTA format by clicking the 'Import' button. After inputting the lncRNA sequences, the users can then click the 'Predict' button to run LncDisease. During the running process, the status of LncDisease will be shown in the 'Log' panel. When LncDisease finishes the task, the prediction results will be shown in the 'Results' panel. The users can rank the predicted lncRNA-disease entries by using several items, such as lncRNA name, disease name and the significance (P-value). In addition, the users can output the prediction results into a file by clicking the 'Save All' button.
Validation of putative lncRNAs associated with breast cancer
To evaluate the accuracy of the predictions of LncDisease, we selected the 12 most significant predicted lncRNAs associated with breast cancer to explore the differential expression by biological experiments. qRT-PCR analysis was used to determine the level of lncRNAs in breast cancer cells (MCF7 and MDA-MB-231) and HMEC cells. For each lncRNA, we compared its expression level in MCF7 with that in the control cell (HMEC) using t-test. In addition, we also compared the expression level of each lncRNA in MDA-MB-231 with that in HMEC. But we did not compare the expression level of each lncRNA in MCF7 with that in MDA-MB-231. We found that 11 (91.7%) of the 12 selected lncRNAs had a significantly elevated level in both breast cancer cell lines compared with HMEC cells ( Figure  3) . The results suggest that these putative lncRNAs could indeed be involved in breast cancer, which further suggests that the presented method has a reliable accuracy.
Validation of putative lncRNAs associated with hypertension
To evaluate the accuracy of the predictions of LncDisease, four predicted lncRNAs associated with hypertension were selected to further explore the differential expression by biological experiments. qRT-PCR analysis was used to determine the level of lncRNAs in Ang II-treated VSMCs and we found that 3 (75.0%) of the 4 selected lncRNAs exhibited a significantly decreased expression after treatment with Ang II (Figure 4) . The results suggest that these putative lncRNAs could indeed be involved in hypertension, which further suggests that the presented method has a reliable accuracy. 
Literature mining for diseases predicted to be associated with the lncRNA GAS5
We predicted six diseases (liver cirrhosis, hepatocellular carcinoma, fibrosis, kidney diseases, Duchenne muscular dystrophy and lung cancer) which are significantly associated with the lncRNA GAS5 (P < 0.01). By literature mining, we found that literature supports four of these diseases, hepatocellular carcinoma (P = 1.11e-3) (36-39), fibrosis (P = 1.17e-3) (40), kidney diseases (P = 3.16e-3) (41,42) and lung cancer (P = 9.76e-3) (43, 44) . For liver cirrhosis, we did not find any evidence linking it to GAS5. Given that GAS5 is significantly associated with hepatocellular carcinoma and liver fibrosis, two diseases highly associated with liver cirrhosis, it is reasonable to suggest that GAS5 may also be associated with liver cirrhosis. The results collectively suggest that the presented method is valuable in predicting lncRNA-disease associations.
Current limitations and future perspectives
LncRNAs are one class of crucial non-coding molecules, which play critical roles in some biological processes. Therefore, their dysfunctions are associated with a variety of human diseases. LncRNAs represent potential new molecules for disease diagnosis and therapy. Recently, a large number of human lncRNAs have been identified. For example, the NONCODE database and the MiTranscriptome have collected more than 90 000 human lncRNAs and 60 000 human lncRNAs, respectively. However, for most of the human lncRNAs, their relations with human diseases remain unknown. Given the large number of lncRNAs and their important functions, it becomes critically important to identify the relations between lncRNAs and diseases. For this purpose, we presented a sequence-based method, LncDisease, to predict associations between lncRNAs and human diseases through disease enrichment analysis of the miRNAs interacting with the given lncRNAs. Moreover, a biological experiment confirmed that the presented method has a reliable accuracy. However, several limitations exist in the current method. Firstly, the exact mechanism by which miRNAs regulate lncRNAs is not clear. This makes the prediction of lncRNA targets of miRNAs to have high false positives and high false negatives. Secondly, the miRNA-disease association data set is far from completeness. For example, the disease number is 372, which is greatly less than the total number of human diseases. As more precise knowledge of miRNA-lncRNA interaction and more miRNA-disease association data become available, LncDisease will be improved continuously. Thirdly, miRNA target prediction currently has high false positives. When better miRNA target prediction tools become available in the future, LncDisease will be improved. In addition, it is interesting that the 11 predicted breast cancer lncRNAs are all up-regulated in breast cancer while the 3 predicted hypertension lncRNAs are all down-regulated in hypertension. The reasons why these lncRNAs predicted by LncDisease show the same change in direction remains unknown. Further explorations are needed to find out whether these lncRNAs have special relations with diseaseassociated miRNAs. Finally, although the above limitations exist, we believe that LncDisease is a convenient tool for researchers to dissect the relations between lncRNAs and diseases in a large-scale, which could be helpful in identifying potential lncRNAs for disease diagnosis and therapy.
